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Abstract
We present in this paper a network DEA approach to deal with efficiency assessments in two-stage processes. Our approach 
complies with the composition paradigm, where the efficiencies of the stages are estimated without a prior definition of the 
overall efficiency of the system. The overall efficiency is obtained by aggregating the stage efficiencies a posteriori. We use 
multi-objective programming as modeling framework. This provides us the means to assess unique and neutral efficiency 
scores. We apply our approach to the assessment of the academic performance of forty faculty members in a Greek 
University.
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1. Introduction
Data envelopment analysis (DEA) [1] is a non-parametric technique for measuring the performance of 
decision-making units (DMUs) that use multiple inputs to produce multiple outputs. The underlying 
mathematical model is linear programming. Originally, DEA dealt with one-stage production processes with no 
reference to the internal structure of the DMUs. Färe and Grosskopf [2] were among the first to assess the 
efficiency of multi-stage processes, where the internal structure of the DMU, which indicates the flow of the 
intermediate measures among the stages, is critical in the efficiency assessment. This is the network DEA 
paradigm, which ever since has attracted significantly the attention in the DEA literature (c.f. [3-4] for 
comprehensive reviews). In this paper, we focus on processes with two-stage configurations. The first 
approaches dealing with the efficiency assessment in two-stage series processes is the multiplicative 
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decomposition approach [5] and the additive decomposition approach [6]. Both models were developed for the 
elementary two-stage configuration, which assumes that the external inputs entering the first stage of the 
process are transformed to a number of intermediate measures that are then used as inputs to the second stage 
to produce the final outputs. In this architecture, nothing but the external inputs to the first stage enters the 
system and nothing but the outputs of the second stage leaves the system. Both approaches are based on the 
reasonable assumption, which ever since is consolidated in the literature, that the weights used for the 
intermediate measures are the same, no matter if these measures are considered as outputs of the first stage or 
inputs to the second stage. Recently, Despotis et al. [7] introduced the composition paradigm in two-stage 
network DEA. Unlike the efficiency decomposition approach, in the composition approach the efficiencies of 
the two stages are estimated without a prior definition of the overall efficiency of the DMU. This grants the 
flexibility to calculate the overall efficiency a posteriori, by selectively aggregating the stage efficiencies either 
additively or multiplicatively. A major advantage of the assessment method presented in [7] over the additive
[6] and the multiplicative [5] methods is that the former provides unique and unbiased efficiency scores for 
two-stage processes. Its disadvantage, however, is that it cannot be readily extended to deal with general two-
stage processes.
In this paper we present a novel multi-objective programming approach to network DEA, capable of dealing 
with general two-stage processes. Our approach comes under the composition paradigm and, unlike the 
additive and the multiplicative decomposition methods, it secures the uniqueness and the neutrality of the
efficiency scores. Then we apply our network DEA model to the assessment of the academic research activity 
in a Greek University, at an individual level. 
The paper unfolds as follows. Section two is devoted to the development of our network DEA approach. In 
section three we present the framework and the results of a pilot academic performance measurement exercise 
conducted in a Greek University at a faculty member level. Conclusions are drawn in section four.
2. A multi-objective programming approach to network DEA
In this section we develop our network DEA approach for the type of two-stage series processes depicted in 
Fig 1. In such a configuration, the external inputs X entering the first stage of the process are transformed to a 
number of intermediate measures Z that are then used as inputs to the second stage. The second stage uses 
some extra external inputs L, beyond the intermediate measures, to produce the final outputs Y.
Fig. 1. A series two-stage process with extra inputs in stage-2
In the composition paradigm, as opposed to the decomposition approach [4-5] the stage efficiencies are 
estimated without any a priori definition of the overall efficiency of the system. Once the stage efficiencies are 
estimated, the overall efficiency is computed a posteriori by aggregating the stage efficiencies additively or 
multiplicatively. 
Assume n DMUs (݆ א ܬ = {1, … ,݊}) each using m external inputs ௝ܺ = ൫ݔ௜௝ , ݅ = 1, … ,݉൯ in the first stage to 
produce q outputs ௝ܼ = ൫ݖ௣௝ , ݌ = 1, … , ݍ൯ from that stage. The outputs obtained from the first stage, in 
conjunction with a external inputs ܮ௝ = ൫݈ௗ௝ ,݀ = 1, … , ܽ൯, are used as inputs to the second stage to produce s
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final outputs ௝ܻ = ൫ݕ௥௝ , ݎ = 1, … , ݏ൯. The efficiency of the first and the second stage of DMU j are naturally 
defined as their weighted outputs over their weighted inputs as follows:
௝݁
ଵ = ఝ௓ೕ
ఎ௑ೕ
, ௝݁ଶ = ఠ௒ೕఝ௓ೕାఓ௅ೕ (1)
where ߟ = (ߟଵ , … , ߟ௠), ߮ = (߮ଵ, … ,߮௤), ߤ = (ߤଵ, … , ߤ௔) and ߱ = (߱ଵ, … ,߱௦) are the weights associated with the 
measures X, Z, L and Y respectively. Then the overall efficiency of the DMU j can be selectively calculated as
the simple arithmetic average (additive aggregation) ௝݁௢ = ൫ ௝݁ଵ + ௝݁ଶ൯ 2Τ or as the squared geometric average 
(multiplicative aggregation) ௝݁௢ = ௝݁ଵ ή ௝݁ଶ of the stage efficiencies. 
Treating the two stages independently, the stage-1 and the stage-2 independent efficiency scores ܧ௝బ
ଵ and ܧ௝బ
ଶ
for the evaluated unit ݆଴ א ܬ are obtained from the conventional DEA models (2) and (3) respectively:
݉ܽݔ
߮ ௝ܼబ
ߟ ௝ܺబ
ݏ. ݐ.
߮ ௝ܼ െ ߟ ௝ܺ ൑ 0,   ݆ = 1, … ,݊ (2)
ߟ ൒ 0,߮ ൒ 0
݉ܽݔ
߱ ௝ܻబ
߮ ௝ܼబ + ߤܮ௝బ
 
ݏ. ݐ. 
߱ ௝ܻ െ ߮ ௝ܼ െ ߤܮ௝ ൑ 0,   ݆ = 1, … ,݊  (3) 
߮ ൒ 0,߱ ൒ 0, ߤ ൒ 0 
Appending the constraints of model (2) to (3) and vice versa we get the following augmented models (4) and 
(5):
݉ܽݔ
߮ ௝ܼబ
ߟ ௝ܺబ
 
ݏ. ݐ. 
߮ ௝ܼ െ ߟ ௝ܺ ൑ 0,   ݆ = 1, … ,݊  (4) 
߱ ௝ܻ െ ߮ ௝ܼ െ ߤܮ௝ ൑ 0,   ݆ = 1, … ,݊ 
ߟ ൒ 0,߮ ൒ 0,߱ ൒ 0, ߤ ൒ 0 
݉ܽݔ
߱ ௝ܻబ
߮ ௝ܼబ + ߤܮ௝బ
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ݏ. ݐ. 
߮ ௝ܼ െ ߟ ௝ܺ ൑ 0,   ݆ = 1, … ,݊  (5) 
߱ ௝ܻ െ ߮ ௝ܼ െ ߤܮ௝ ൑ 0,   ݆ = 1, … ,݊ 
ߟ ൒ 0,߮ ൒ 0,߱ ൒ 0, ߤ ൒ 0 
Notice that the optimal solutions of (2) and (3) are also optimal in (4) and (5) respectively. Indeed, small
enough values can be chosen for Ȧ and ȝ in model (4) to render any optimal solution of model (2) feasible, yet 
optimal, in model (4). Analogously, large enough values can be chosen for Ș in model (5) to render any optimal 
solution of model (3) feasible, yet optimal in model (5). As both models have common constraints and differ 
only in the objective functions, they can be written as a multi-objective program (6). 
݉ܽݔ
߮ ௝ܼబ
ߟ ௝ܺబ
 
݉ܽݔ
߱ ௝ܻబ
߮ ௝ܼబ + ߤܮ௝బ
 
ݏ. ݐ.  (6) 
߮ ௝ܼ െ ߟ ௝ܺ ൑ 0,   ݆ = 1, … ,݊ 
߱ ௝ܻ െ ߮ ௝ܼ െ ߤܮ௝ ൑ 0,   ݆ = 1, … ,݊ 
ߟ ൒ 0,߮ ൒ 0,߱ ൒ 0, ߤ ൒ 0 
Applying the Charnes-Cooper transformation [8] with respect to the first objective function, i.e. multiplying 
all the terms of the fractional objective functions and the constraints with t >0, such that tȘȋjo=1 and setting
tȘ=v, tȦ=u, tĳ=w and tȝ=Ȗ we get the equivalent multi-objective program (7), whose second objective function 
is still fractional.
݉ܽݔݓ ௝ܼబ  
݉ܽݔ
ݑ ௝ܻబ
ݓ ௝ܼబ + ߛܮ௝బ
 
ݏ. ݐ. 
ݒ ௝ܺబ = 1 
ݓ ௝ܼ െ ݒ ௝ܺ ൑ 0,   ݆ = 1, … ,݊  (7) 
ݑ ௝ܻ െ ݓ ௝ܼ െ ߛܮ௝ ൑ 0,   ݆ = 1, … ,݊ 
ݒ ൒ 0,ݓ ൒ 0,ݑ ൒ 0, ߛ ൒ 0 
Solving the linear equivalents of models (4) and (5) one gets the independent efficiency scores ߃௝బ
ଵand ߃௝బ
ଶof 
the two stages respectively. In terms of multi-objective programming, the vector (߃௝బ
ଵ , ߃௝బ
ଶ ) constitutes the ideal 
point in the objective functions space of the multi-objective program (7). However, as the ideal point is not 
generally attainable, solving a multi-objective program means finding non-dominated feasible solutions in the 
variable space that are mapped on the Pareto front in the objective functions space, i.e. solutions that they 
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cannot be altered to increase the value of one objective function without decreasing the value of at least one 
other objective function. In the model (8) below we employ the Lf norm to locate a unique solution on the 
Pareto front, by minimizing the maximum of the deviations (߃௝బଵ െ ௝݁బଵ ) and ൫߃௝బଶ െ ௝݁బଶ ൯ of ( ௝݁బଵ = ݓ ௝ܼబ , ௝݁బଶ =
ݑ ௝ܻబ (ݓ ௝ܼబ + ߛܮ௝బΤ )) from the ideal point (߃௝బଵ , ߃௝బଶ ). In model (8), įdenotes the largest deviation. Notice that at 
optimality, the first two constraints will be binding because, according to the minmax formulation, the 
deviations will be equal and minimized. 
݉݅݊ ߜ 
ݏ. ݐ. 
ܧ௝బ
ଵ െ ݓ ௝ܼబ ൑ ߜ 
ܧ௝బ
ଶ െ
ݑ ௝ܻబ
ݓ ௝ܼబ + ߛܮ௝బ
൑ ߜ 
ݒ ௝ܺబ = 1  (8)
ݓ ௝ܼ െ ݒ ௝ܺ ൑ 0,   ݆ = 1, … ,݊ 
ݑ ௝ܻ െ ݓ ௝ܼ െ ߛܮ௝ ൑ 0,   ݆ = 1, … ,݊ 
ݒ ൒ 0,ݓ ൒ 0,ݑ ൒ 0, ߛ ൒ 0 
For the optimal solution (į*, v*, w*, u*Ȗ*) of (8) holds that w*Zjo >0. The proof of this statement is given in 
the appendix. Thus, at optimality, the denominator in the second constraint in (8) will be strictly positive. This 
enables us to write model (8) as in (9).
݉݅݊ ߜ 
ݏ. ݐ. 
ݓ ௝ܼబ + ߜ ൒ ܧ௝బଵ  
(ܧ௝బଶ െ ߜ)(ݓ ௝ܼబ + ߛܮ௝బ)െ ݑ ௝ܻబ ൑ 0 
ݒ ௝ܺబ = 1  (9) 
ݓ ௝ܼ െ ݒ ௝ܺ ൑ 0,   ݆ = 1, … ,݊ 
ݑ ௝ܻ െ ݓ ௝ܼ െ ߛܮ௝ ൑ 0,   ݆ = 1, … ,݊ 
ݒ ൒ 0,ݓ ൒ 0,ݑ ൒ 0, ߛ ൒ 0 
Model (9) is non-linear but as įLVERXQGHG (0 ൑ ߜ ൑ 1), it can be easily solved by bisection search (c.f. [9]). 
Once an optimal solution (į*, v*, w*, u*Ȗ*) of model (9) is obtained, the efficiency scores for the evaluated unit 
j0 in the first and the second stage are derived from (1). As mentioned above, the overall efficiency of the 
system can be obtained by aggregating the stage efficiencies additively or multiplicatively. 
3. Assessing the research productivity and impact of academics
Academic research is considered as one of the most important activities of academic staff in higher 
education. As the research activity in a university is strictly designated by the research activities of its staff 
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members, the outcomes leverage its recognition and affect its position in international academic rankings.
Moreover, there are countries where quality and performance issues play a crucial role in determining the 
funding that they receive from the government (e.g. in the UK and Australia). Therefore, the policy makers as 
well as the public draw significant attention to the results of the assessment of Higher Education Institutions 
(HEI) and of their departments or faculties. Beyond the centralized policies launched by the governments, 
many HEI have already taken action to preserve and stimulate their competitiveness. In Greece recently, the 
institutions have established advisory boards responsible for the quality assurance, the adequate allocation of 
the resources and the stimulation of academic research. 
Data envelopment analysis is often used as an instrument to measure the performance of academic units 
(Universities, faculties, departments or individuals) in various aspects of academic activities such as research, 
teaching and administration [10-17]. In this section we present the assessment approach and the results 
obtained from a pilot application of the network DEA model presented in the previous section to the 
assessment of the research productivity and impact of 40 academics in a Greek University.
3.1. Assessment framework and data
The assessment units in this performance measurement exercise are faculty members. The scope of the 
assessment is to estimate the relative efficiency of the individuals with respect to their research activity and the 
impact of the research. The quality of the research output and the recognition it receives in the international 
scientific community affects the recognition of the researcher himself as well as the reputation of the hosting 
institution. In this context, the research activity of an individual staff member is viewed as a two-stage process 
as depicted in Fig 2.
Fig. 2. The academic research activity as a two stage-process
The first stage represents the productivity of the individual: The inputs in this stage are time in post (X(1))
and total salary since appointment (X(2)). The output of the first stage is publications (Z). As the intention of 
the evaluation committee was to make the assessment strict, the following assumptions were made regarding 
the publications:
x Only publications in journals indexed in Scopus were taken into account.
x In case of multiple authors, each individual author is credited with a fraction of the publication, actually with 
1/n, where n is the number of authors. So, the total number of publications of an individual is given as 
single-author equivalent (SAE). In this manner, each publication is counted at most once at the faculty or at 
the institution level, as there might be co-authors from other institutions.
x The journals, and thus the publications in that journals, are classified in four quality classes (A+, A, B, C) 
according to the ERA2010 journal classification system (ERA: Excellence in Research in Australia). A fifth 
class D is made for journals that are not indexed in ERA2010. 
The second stage represents the impact that the research work of the individual has in academia and the 
recognition, which the researcher has gained as a result of his work. Once released, a publication becomes an 
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independent entity, which, depending on its quality and dissemination, generates citations and recognition. The 
latter is measured through the academic achievements of the individual, such as being chief editor of scientific 
journals, associate editor or member of editorial boards, being invited as keynote speaker in conferences,
participating in scientific or advisory committees of conferences. The number of occurrences of each one of the 
above are weighted and aggregated to derive a measure of academic achievements. The publications made by 
an individual before his appointment are extra inputs to the second stage, as in conjunction with those made in 
post, they contribute in the academic profile of the individual.
Two cases were examined: In case I, the total number of single-author equivalent (SAE) publications was 
considered with no distinction among the journals. In case II, the publications were broken down in the quality 
classes mentioned above, with the SAE publications in each class constituting a distinct measure. The 
descriptive statistics for the data considered in case I and case II are exhibited in Table 1 and Table 2 
respectively.
Table 1. Descriptive statistics of the data for case I: Total number of publications (SAE).
X(1) X(2) Z L Y(1) Y(2)
Years in post Total Salary (tens of thousands) Total SAE Total SAE Citations (tens of) Achievements
Min 3.00 6.42 0.25 0.00 1.60 0.50
Max 28.50 105.68 20.90 14.56 95.10 25.50
Average 11.73 35.55 5.49 4.04 24.76 6.34
St. Dev. 6.90 25.81 5.08 4.04 22.38 6.07
The breakdown of the publications in categories is made to introduce the quality dimension in the 
assessments. This is made by introducing assurance region constraints in the assessment model (9). In this pilot 
assessment exercise, the evaluation committee proposed that the publications in category A+ should be 
weighted at least 1.5 and at most twice as much as the publications in A (i.e. 1.5 ൑ ݓ(ܣା) ݓ(ܣ)Τ ൑ 2). For the 
other categories, the committee gave the following weight constraints: 2 ൑ ݓ(ܣ) ݓ(ܤ)Τ ൑ 2.5 , 1.5 ൑
ݓ(ܤ) ݓ(ܥ)Τ ൑ 2 and 2 ൑ ݓ(ܥ) ݓ(ܦ)Τ ൑ 3.
Table 2. Descriptive statistics of the data for case II: Publications broken down in quality classes.
X(1) X(2) Z(1) Z(2) Z(3) Z(4) Z(5) L(1) L(2) L(3) L(4) L(5) Y(1) Y(2)
Years 
in 
post
Total 
Salary
(tens of 
thousands)
A+ A B C D A+ A B C D Citations (tens of)
Achiev
ements
Min 3.00 6.42 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.60 0.50
Max 28.50 105.68 2.00 6.42 7.42 9.20 4.26 4.45 8.03 6.33 8.53 1.58 95.10 25.50
Average 11.73 35.55 0.19 1.11 1.63 1.78 0.79 0.39 1.09 1.16 1.10 0.29 24.76 6.34
St. Dev. 6.90 25.81 0.43 1.72 1.67 2.03 1.06 0.84 1.55 1.52 1.66 0.48 22.38 6.07
3.2. Results
The results obtained by applying the assessment model (9) to the data summarized in Tables 1 and 2 are 
given below. Comparing the distributions in Fig 3(a) and 3(b), one can observe a decrease in the productivity 
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scores (stage-1), on average, when the quality of the publications is taken into account in case II. This is 
exhibited in Table 3 as well, where the data for two faculty members are presented. Both records are almost 
identical and their difference is revealed only when their publications are broken down in categories of quality. 
They are both inefficient in case I, with the individual #10 outperforming a bit the individual #18 in terms of 
productivity. However, when the quality dimension of the publications is taken into account in case II, the 
individual #10 is rendered efficient whereas the #18 looses much of his productivity score. Comparing the 
distributions in Fig 3(c) and 3(d), it is observed that there is an increase of the average efficiency score. 
Concerning the impact of the research and the achievements, the faculty member #10 outperforms #18 in case I, 
whereas #10 is outperformed by #18 in case II. This reversal can be justified by the fact that, although both 
individuals have almost the same level of citations and academic achievements, the #18 achieves this level of 
outputs with publications of low quality. In other words, the assessment disfavors the faculty member #10 for 
whom one would expect higher achievements from his high level publications.
In terms of productivity (case II, stage-1), only one faculty member is rendered efficient. In terms of impact 
of the research five faculty members are efficient. However, as shown in Fig 3(e) and 3(f), none of the faculty 
members is overall efficient, but this is not rare in network DEA.
Table 3. Data and results for two indicative individuals.
Individual #10 #18
Years in post 7 7
Total income in post (tens of thousands) 15.0 15.9
Publications after appointment (SAE total) 8.1 8.1
A+ 2.0 0.0
A 2.0 1.5
B 2.1 2.5
C 2.0 1.8
D 0.0 2.3
Publications before appointment (SAE total) 4.4 4.5
A+ 2.8 0.0
A 1.6 0.0
B 0.0 2.7
C 0.0 1.8
D 0.0 0.0
Citations (tens of) 39.0 40.4
Achievements 5.0 4.0
Case I - Productivity (Stage-1) 0.976 0.918
Case I - Impact (Stage-2) 0.242 0.208
Case I - Overall 0.236 0.191
Case II - Productivity (Stage-1) 1.000 0.554
Case II - Impact (Stage-2) 0.128 0.319
Case II - Overall 0.128 0.177
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Fig. 3. Stage-1, stage-2 and overall efficiency distributions in cases I and II
4. Conclusion
We presented in this paper a novel network DEA approach to efficiency assessment in two-stage processes.
Actually, it is a multi-objective programming approach that employs the Lஶ norm as distance measure to locate 
the stage efficiency scores as close as possible to their ideal values. Our approach is general, in the sense that it 
can handle series multi-stage processes of any type. It is exact, as it provides unique efficiency scores. It is 
neutral, because it treats the different stages equivalently. However, it can respond accurately to any different 
weighting scheme for the stages, by driving the efficiency assessments accordingly, if the weighted Lஶ norm is 
employed. Then we applied our method to the assessment of the academic performance at a faculty member 
level. The research activity of each faculty member is viewed as a two-stage process. The first stage represents 
the research productivity of the individual while in post, whereas the second stage represents the impact of his 
research work. Disentangling productivity from impact is justified by the fact that a research paper, once 
published, becomes an independent entity. The ERA 2010 classification system that was selected as well as the 
committee’s subjective judgments for the priorities given to the journal quality classes are assumptions that do 
affect the results. However, any other choice could be made.
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Appendix
Let (į, v, w, u, Ȗ) be a feasible solution in (8) such that wZjo and (į*, v*, w*, u*Ȗ*) an optimal solution of (8)
such that w*Zjo. Then, from the first constraint of (8) holds that ܧ௝బ
ଵ = ߜכand ܧ௝బଵ െ ݓ ௝ܼబ = ߜ, thus ߜ < ߜכ. The 
latter contradicts the hypothesis that į* is optimal.
